Given the extreme dependence of agriculture on weather conditions, this paper analyses the effect of climatic variations on this economic sector, by considering both a huge dataset and a flexible spatio-temporal model specification. In particular, we study the response of N-fertilizer application to abnormal weather conditions, while accounting for GDP as a control variable. The dataset consists of gridded data spanning over 21 years , while the methodological strategy makes use of a spatial dynamic panel data (SDPD) model that accounts for both space and time fixed effects, besides dealing with both space and time dependences.
The lagged response, as to say the application of fertilizer in a time period subsequent the happening of a weather shock, seems to be more easily predictable. Since a significant departure from expected levels of wetness is associated with a reduction in productivity, this implies a lower nutrients uptake by plants. This further causes a lower need of fertilization in the subsequent year 1 . However, although heavy rains may damage crops as much as drought, they could also cause a run-off of fertilizer from the soil, thus nullifying this argument.
The diffused lack of agricultural insurance schemes and the scarcity of farmers financial reserves in developing countries may translate into an obliged reduction of fertilizer application, due to the impossibility of farmers to purchase this input after an income shock (Barrett, 2007) . In economically vulnerable rural areas, strong deviations from normal weather conditions may ignite such shock. In less precarious regions, however, it cannot be excluded that farmers simply keep applying the usual amount of fertilizer for the inability to estimate the quantity remained in the soil or even increase its application in the attempt to recover past losses. As just seen, also the lagged effect of abnormal weather conditions on fertilization is rather unclear. Different contrasting hypotheses look theoretically sounding, and the geographical area under investigation may be an important factor in determining which of them holds. An empirical investigation is therefore necessary to unravel this query.
In order to shed light on these hypotheses, covering an almost global dimension, we use spatio-temporal data on the yearly amount of applied synthetic nitrogen (N) fertilizer taken from Lu and Tian (2017) . The time dimension is of 22 years, while the considered areas are Europe (i.e. countries affected by the Common Agricultural Policy, CAP), South America, South-East Asia (21 years) and Africa, to cover a very broad spectrum of climatic and socio-economic conditions. To deal with the spatio-temporal dimension of our data, we make use of a spatial dynamic panel data model (SDPD), with both individual-specific and time-specific fixed effects to account for potential unit-specific unobserved heterogeneity. Looking at the recent literature on spatial econometrics, see e.g. Elhorst (2014) and references therein, although the theoretical issues are quite advanced, see e.g. Shi and Lee (2017) among others, to the best of our knowledge only few empirical applications within agricultural economics and/or climate change have recently used these model specifications: see, for some examples, the interesting review of Baylis et al. (2011) . In particular, we are the first one who make use of the dynamic version of spatial panel data models with spatio-temporal agricultural data. Moreover, because of the nonlinearity in variables model specification, we properly define the marginal effects distinguishing between time-varying and time-invariant impacts.
Our main results confirms a rather strong geographical variability for the effect of abnormal weather conditions on fertilizer application. With regard to the contemporaneous effect, dryness increases N-fertilization only in South America, whereas it is not a significant determinant in other areas. Wetness has a positive impact in Europe, a negative one in South America and it is otherwise insignificant. The lagged effect of increasing wetness is never significant, except when interacted with the Per-capita Gross Domestic Product (GDP) in Europe and South-East Asia. Instead, dryness is significant in South America (positive) and in Africa (negative) . This may imply a potential over-fertilization in south America following dry periods, with potentially problematic environmental consequences (e.g. water pollution) and an opposite outcome in Africa. Although a reduction in fertilization after a drought may be an optimal strategy, this could also be the consequence of poverty traps, thus calling for an improvement of hedging instruments for abnormal weather conditions in this region. Another interesting result is the presence of an environmental Kuznets curve for N-fertilizer application, hypothesis that finds a good confirmation in our analysis. Finally, spatial (contemporaneous) and temporal dependence effects as well as spatio-temporal effects heavily contribute to explain N-fertilizer utilization, with only slight differences among the macro-regions. The main finding is that the spatial process is herald of positive spillover effects, which in turn provide positive externalities in the agricultural sector, both in the current and in the next year.
The rest of the paper is organized as follows. Section 2 provides a brief literature review on related research works. Section 3 describes the data used. In Section 4 we explain the choice of the model specification, the hypothesis test strategy and we derive appropriate marginal effects to correctly interpret the results. In Section 5 we provide and discuss the results. Finally, Section 6 concludes.
Literature Review
In this Section we briefly review the main contributions on the relation between weather extremes and the use of fertilization, distinguishing among different societies and/or the methodology used.
The impact of weather conditions on agriculture is a largely investigated theme, particularly when considering its extreme forms. Pandey et al. (2007) dedicate a whole book to examine the effects of droughts on South-East Asian rice farmers and to analyse their coping strategies, evidencing how these lasts are often insufficient to prevent rural households to fall into poverty after severe droughts. Devereux (2007) develops an analytic framework for understanding the impact of droughts and floods on food security and, based on a weather-induced food crises in Malawi, he uses it to derive policy prescriptions to avoid famine to occur. As mentioned in the introduction, the concerns about climate change have further boosted this literature since droughts, but other weather extremes too, are expected to intensify. Lobell and Field (2007) , for example, estimate the effect of rising temperatures on the yields of the six most widely grown crops, finding significant negative effects for most of them. The present paper, however, strongly differs from these works in two dimensions. Methodologically, no one of the mentioned works adopts a spatial dynamic econometric approach.
With regard to the content, the present paper specifically focuses on the relation between fertilization and weather conditions, rather than examining a broad spectrum of responses to weather shocks. Furthermore, our focus is not limited to extremes weather events, but rather on the whole spectrum of abnormal conditions. Ding et al. (2009) share a similar focus on the response to weather variations of a very precise component of agricultural production: tillage practices. Besides the narrowing of the attention to a precise element, they also consider panel data as well as spatial correlation in the error terms, whereas previous works on soil conservation practices mainly used cross sectional data, see e.g. Soule et al. (2000) . Spatial autocorrelation is then inherent in several agricultural applications. In addition to the obvious difference regarding the outcome of interestfertilization rather than tillage -our model directly considers a spatial process into the fertilization use as well as two dynamic components that lack in Ding et al. (2009) and a much broader territorial coverage.
The relation between fertilization and weather conditions, instead, is a topic rather overlooked by the economic literature being confined to the agro-biological domain. Hartmann et al. (2011) consider the environmental aspect of this interaction, analysing how N-fertilization combined with drought can modify the ability of the soil to store atmospheric methane. Van Metre et al. (2016) examine the concentration of nitrate in some U.S. Mid-West rivers in a rainy period after a drought, finding a significant increase. This testifies how drought periods effectively leave a high amount of N-fertilizer in the soil. Purcell et al. (2004) study soy-bean N 2 fixation and crop yield response to drought. Among their results, it worth to mention how the yield response to N-fertilization is higher under drought conditions (plus 15-25%) than in an optimally watered situation (plus 12-15%).
Given the importance of fertilizers in agricultural production, several studies have focused on estimating the determinants of their spatial diffusion. Potter et al. (2010) analyse the pattern of both inorganic and organic fertilizer application at world level, whereas Tóth et al. (2014) map the levels of phosphorus (P) present in soil in the European Union. However, a study that relates the application of fertilizer with present and past weather conditions seems, to the best of our knowledge, to lack. This paper tries to fill this gap, by making use of a world wide database of spatial data. Although this may entail to sacrifice precision compared to using farm specific data derived from surveys, it allows to offer a global view on the topic and to base the analysis on a rather large time span. Moreover, we specify one of the most recent spatio-temporal models which is able to deal with both spatial and temporal dependence structures, as well as a form of spatial and temporal heterogeneity.
Data description
In this Section we briefly introduce a description of the data used in our empirical analysis. The dependent variable is the amount of fertilizer applied on a given portion of agricultural land. Relying on data related to quantities at national level would lower the precision of the estimation, since weather extremes may interest only some portions of a country territory and, therefore, their effect may be masked by aggregate data.
Thanks to a recent dataset made available by Lu and Tian (2017) , it is now possible to overcome this problem. Indeed, the dataset provides global time series gridded data of annual synthetic nitrogen (N) fertilizer application with a resolution of 0.5 • ×0.5 • latitude-longitude for the period 1961-2013. Given the high number of available data and the consequent computational burden, and supposing a decreasing quality of data for periods more distant in time, we decided to curtail the considered years from 1992 onward.
Even with a trimmed dataset in terms of considered years, the choice of a spatial dynamic panel data model, see Section 4, renders too burdensome the computation of the model with all the data included. Furthermore, the strong climatic and socio-economic differences at world level calls for a subdivision of the data in more homogeneous zones. Finally, it is worth noting that comparing the results across developed and developing countries could be of particular interest for policy makers. Therefore, we selected four macro-regions over which to run the regressions separately: Europe (CAP zone), South America, South-East Asia and Africa.
For the above four regressions, we consider balanced panel data sets, with the spatial dimension equal to N = {1928, 3508, 2703, 4854} and the time dimension equal to T = {22, 22, 21, 22} years, respectively. Table   B .2 shows the considered countries included in each of these macro-regions together with the number of grid cells for each country. Figures C.1 and C.2, instead, show the spatial units (cells) taken into account for each macro-region and the approximated distributions of the N-fertilizer application with the Gaussian Kernel function. As we can observe, although the use of fertilization is by definition a truncated-at-zero Normal variable, justifying the use of a Tobit model, in all the four cases we can approximate quite well its distribution to a Gaussian, leading to the use of more complex and flexible spatio-temporal models already developed in the linear case, see Section 4.
Since the aim of the paper is to investigate the effect of weather conditions on the application of fertilizer, the explanatory variable of interest must be an indicator of their variation. We limit the analysis to dryness and wetness given the availability of reliable indexes measuring these conditions that further have the advantage to be computed at the same spatial level as our dependent variable. Different indexes with the ability to measure them are present in the literature and are potentially suitable for our analysis. Among them, we have the self-calibrated Palmer Severity Drought Index (scPSDI) (Wells et al., 2004) , the Standardized Precipitation The SPEI index is expressed as the number of standard deviations of weather conditions from the long term average, with negative values indicating dryness and positive values wetness. The yearly average of such index has been adopted in order to conform it with the time dimension of the dependent variable. In order to improve the intelligibility of the results, we have divided the SPEI index into two variables, dryness and wetness, with the first being equal to the SPEI index when it is lower than zero and assuming the value of zero otherwise. Dryness values have been subsequently multiplied by -1 in order to have only positive values.
Wetness is simply defined as the complement of dryness. Figure C .3 shows their distribution in the whole dataset excluding the zero values for readability.
Finally, the countries' per-capita Gross Domestic Product (GDP) is included in all the estimation results.
The relation between the economic level of a country and the amount of fertilizer applied per unit of land is a well established fact in the dedicated literature, therefore this variable is a necessary control. Furthermore, its interaction with the lagged term of dryness and wetness serves to test if the response of fertilization to past weather conditions changes according to level of income, as the literature on poverty traps suggest (Barrett, 2007) . In order to have a meaningful inter-countries comparability of the GDP, we adopted the per capita Power Purchasing Parity (PPP) GDP in constant 2011 dollars, provided by the World Bank. Table B .1 reports the summary statistics of all the variables included in our model specifications, distinguishing them across macro-regions.
Model Specification and Marginal Effects
In this Section we provide details on the model specification to study the effect of extreme weather conditions on the use on fertilizers in Europe, South America, South-East Asia and Africa. The adopted methodology is based on the use of a spatial dynamic panel data (SDPD) model to deal with both space and time dependence effects, i.e. spatial (cross-sectional) and serial correlations, as well as both space (individual) and time fixed effects, see Lee and Yu (2010b) and Lee and Yu (2014) .
We believe the impact of the temporal lag y n,t−1 to be particularly significant in our context, so we excluded the possibility of using static and random effects specifications. Moreover, fixed effects models seem to be preferred due to computational and robustness reasons (Lee and Yu, 2010a) , especially when considering spatial panel specifications (Elhorst, 2014, Sec. 3.4) . It is also worth noting that, the Hausman test is available only for static spatial panel models (Mutl and Pfaffermayr, 2011) or dynamic no-spatial panel models (Hahn and Kuersteiner, 2002) .
We also think that both the (contemporaneous) spatial lag W n y n,t and the space-time lag W n y n,t−1 are relevant determinants of fertilizer utilization, leading to a time-space dynamic specification (Anselin et al., 2008, p. 646) . Finally, we prefer to include time fixed effects ξ t ι n rather than (contemporaneous) spatially lagged regressors W n X n,t for two reasons: (i) the omission of time fixed effects could bias the estimates in time-series, (ii) we assume that the local spatial effects W n X n,t have not a significant impact as the time fixed effects. The reason of (ii) is due to the fact that the regressors used in our empirical context do not exhibit sufficiently variation at our specific disaggregation level in space.
The model is specified as follows y n,t = ρW n y n,t + φy n,t−1 + γW n y n,t−1 + X n,t β + α n + ξ t ι n + ε n,t , t = 1, . . . , T
where y n,t = (y 1,t , y 2,t , . . . , y i,t , . . . , y n,t ) is a n-dimensional column vector of fertilizer utilization at time t, φ is the temporal autoregressive coefficient, W n is a time-invariant n-dimensional square matrix of spatial weights among pairs of random variables (y i,t , y j,t ), for i, j = 1, . . . , n, with (contemporaneous) spatial autoregressive coefficient ρ and space-time autoregressive coefficient γ, X n,t = (x 1,t , x 2,t , . . . , x h,t , . . . , x k,t ) is an n by k matrix of non stochastic regressors including GDP t , GDP 2 t , contemporaneous and time lagged truncated (at zero) normal variables for dryness and wetness, i.e. DRY t , W ET t , DRY t−1 , W ET t−1 , and interaction terms like GDP t × DRY t−1 and GDP t × W ET t−1 with β the vector of coefficients, α n is an n-dimensional column vector of spatial (individual) fixed effects, ξ t ι n is an n-dimensional column vector of time fixed effects with scalar coefficient ξ t and column vector of ones ι n , and ε n,t = (ε 1,t , ε 2,t , . . . , ε i,t , . . . , ε n,t ) is an n-dimensional column vector of innovations at time t with ε i,t independent and identically distributed (i.i.d.) across i and t with zero mean and finite variance σ 2 .
The time-invariant spatial weighting matrix W n = {w ij } is a row-stochastic matrix such that
where N k is the set of nearest random variables y j to y i defined by k. In our case we set k = 11. The reason why we use the above k-nearest neighbor approach is based on the fact that it guarantees the equivalence between the two spatial dynamic models defined before and after normalization of the weights. The set of nearest neighbours for each unit in space is defined through the Euclidean distances between pairs of centroids of the grid cells.
To ensure stable spatio-temporal processes the condition ρ + φ + γ < 1 must be satisfied. During a preliminary estimation procedure of equation (1), we found that the above condition is not satisfied. The sums of the above coefficients for all the four regressions related to Europe, South America, South-East Asia and Africa were very close to 1, so we conducted (two-sided) Wald tests on the null hypothesis that ρ + φ + γ = 1 (spatially cointegrated processes) by using the statistic
where Σ QM LE is the (k + 4) by (k + 4) covariance matrix of the QMLE estimator (Lee and Yu, 2010b) . In all the four cases we rejected the null hypothesis of spatial cointegration, finding both explosive cases (Europe and South-East Asia) and stable cases (South America and Africa) 2 .
To remove inconsistency of the estimator in both spatial cointegration and spatial explosive cases, preserving also the amount of available observations, a spatial first-differencing approach has been recently proposed, see Lee and Yu (2010a) and Yu et al. (2012) . Here, we opted to re-estimate all the models after time firstdifferencing, losing one year of observations. By re-writing the model in equation (1) with the explicit inclusion of all the regressors, and suppressing n for notational convenience, we obtain
where (x 1,t , x 2,t , x 3,t ) are referred to GDP t , DRY t and W ET t , respectively. According to the spatial econometric literature, proper marginal effects that take spatial effects into account must be defined in different ways depending on the specified model. When considering SDPD models, the definition of the total, direct and indirect (spillover effects) impacts are also different with respect to the short-term and long-term periods, see Debarsy et al. (2012) and Elhorst (2014, Sec. 4.6 ). Considering the model in equation (2) with time first-differencing, the marginal effects can be defined, as for levels, in the following way
for the short-term impacts, and
for the long-term impacts. The averages of the diagonal elements of the matrices in equations (3) and (4) are the direct impacts, whereas the off-diagonal averages of the matrices in equations (3) and (4) are the indirect impacts. Note that, in our case, the short-term and long-term effects with respect to x 1 (GDP ) are time-varying, and their evolution is shown in Figure C .4.
In addition, we consider specific marginal effects obtained from the following error correction model (ECM) representation of equation (2) (Yu et al., 2012) 
from which we can easily calculate the following marginal impacts of interest
which are the effects estimates of convergence, and
which are specific effects related to the variables dryness and wetness at time t − 1. Since these last two effects are also time-varying, their evolution is shown in Figure C .5. Finally, since spatial marginal effects can be also referred to each statistical unit in space to reveal a source of heterogeneity, in Figures C.6 , C.7, C.8, and C.9
we report maps on these effects. See Appendix A for details on their calculation.
Results and Discussion
In this Section we report and discuss our estimation results and the potential policy implications derived from them. For the estimation results, we used the Stata command xsmle (Belotti et al., 2017) . Alternatively, R codes in the package plm (Croissant and Millo, 2008) and Matlab codes at https://spatial-panels.com/software/ (Elhorst et al., 2013) can be used. The calculation of the marginal effects are instead written by ourselves in R. In Table B .3, we show the coefficients estimates of model in equation (2) for all the four regressions, whereas table B.4 reports the ancillary information of the same regressions 3 .
Starting with the role played by per capita GDP, it is possible to observe that it varies considerably between the considered macro-regions. In Europe, the application of N-fertilizer is a linearly declining function of per capita GDP, since only the level of this variable is significant and it has a negative coefficient. This could reflect the efforts made by European countries (CAP zone) to limit the environmental impact of agricultural activities. Furthermore, this testifies that developed countries have the ability to adopt alternative technologies able to reduce the amount of necessary fertilizer. In South America, instead, such relation is concave, being the coefficient of the level positive and the one of the squared term negative (and of lower magnitude). Finally, in South-East Asia the relation takes the form of a convex function, being only the squared term significant and positive, and in Africa fertilizer application seems to be unrelated to per-capita GDP. Except for Africa, these results may be well explained by the existence of an environmental Kuznets curve for fertilization, hypothesis already confirmed by Li et al. (2016) for China. Western European countries, with a relatively high level of per-capita GDP, would then be located on the descending part of the curve, whereas South American countries are located around the peak and South-East Asian ones on the ascending part. Africa, from which we would have expected a behaviour similar to South-East Asia, is instead an exception, whose peculiarity deserves further attention.
With regard to the effect of current weather conditions on the level of N-fertilizer application, it should be noted that this is generally not significant except in Europe and in South America. In the first case, only wetness is significant and positive, whereas in South America it is significant for both deviations (for wetness, only at 10% level), with the coefficient for wetness being negative -opposite to Europe -and the one for dryness positive. The lower efficacy in absorbing N-fertilizer described in Vlek and Byrnes (1986) in South America. The negative coefficient for wetness in this last region, instead, is hardly explainable by a rational behaviour, and may be the result of wrong practices that may deserve further attention.
The lagged climatic conditions are also generally not significant except for dryness in South America and Africa, with the coefficient in this last being significant at the 10% level. The positive value of the coefficient related to South America may once again underline a critical aspect, since the lower intake of N-fertilizer during dry periods suggests, as optimal strategy, a reduction in the application of fertilizer the subsequent year (see, for instance, footnote 1). An over-fertilization, with potential negative environmental effects, such as pollution of water basin, may derive from this seemingly un-optimal behaviour. Apparently, good agronomic practices are followed in Africa, given the negativity of the lagged dryness coefficient. Indeed, due to the Earth's capacity of absorbing and accumulating over time the amount of fertilizer in periods of dryness, its use in the next year should be decreased. However, and less optimistically, this negative value may also be due to poverty traps, with the reduction in the application of N-fertilizer being due to the impossibility to purchase this input after a drought in poor areas, rather than to optimal strategies. This is an aspect that deserves further attention given its potentially relevant policy implications. The lagged effect of wetness is always insignificant, except when interacted with per-capita GDP. In such case, it is significant, and positive, in Europe and South-East Asia. Since rain may partially flush away N-fertilizer, the positiveness of its coefficient appears reasonable.
The fact that this positive response is a growing function of per-capita GDP is also reasonable, since it entails a good knowledge of agronomic practices and soil management, that is likely to be positively correlated with economic prosperity.
Finally, an important role is played by both the spatial and the dynamic effect in our model specification.
As expected, the amount of fertilizer in a previous year is negatively correlated with the level of N-fertilization applied in the current year (φ). This relation, however, is not significant in Europe, possibly for the better ability in this area to rightly calibrate the optimal level of fertilizer application each year. The (contemporaneous) spatial autoregressive coefficient (ρ) is strongly significant and positive in all the macro-regions, implying that the spatial process is not inhibitory and that the choice of the fertilizer quantity is rather equivalent among close units of lands, as largely expected. The spatial process is then herald of positive spillover effects, which in turn provide positive externalities in the agricultural sector. This may be due to both the similarity of agro-climatic conditions of close units of lands, thus implying the cultivation of similar crops and the adoption of analogous agronomic practices, and the potential knowledge spillover effects.
The spatio-temporal coefficient (γ) is also positive and significant in all the regressions, except for Europe.
Although the magnitude of the (contemporaneous) spatial dependence ρ is generally greater than the spatiotemporal one γ, the significance of this last coefficient is herald of a spatial process whose effects will be shown a year later. This also means that neighboring decisions on fertilization use not only have a simulatneous impact in the referred year but also in the next year, providing positive spatio-temporal spillover effects and potential positive externalities also over time. Therefore, the transmission of information between close areas happens both in contemporaneous and in delayed time.
Discussion on the Marginal Effects
From an economic point of view, and for ad-hoc policy interventions, it is of main interest to take a look at the marginal effects. As already explained in Section 4, marginal effects for SDPD models can be distinguished according to direct and indirect (due to spillovers) effects and short-term and long-term effects. For our model specifications in eq. (2) and (5), we also provide a distinction between time-invariant marginal effects, see Table B .5, and time-varying marginal effects, see Figures C.4 and C.5, due to the non-linearity in GDP t and the presence of additional interaction terms, respectively.
Let us consider first the time-varying short-term and long-term total marginal effects with respect to per-capita GDP at time t from model in equation (2), see also eq. (3) and (4) First of all, there is a small difference between the short and long terms effects, such that it is rather useless to comment them separately. In South America a similar peak is observable during the years 1997-2003, in correspondence with the crisis in Argentina. In periods of crises, therefore, N-fertilization becomes much more sensitive to variations in percapita GDP in South America. In Europe, instead, the negative marginal effect of per-capita GDP in fertilizer application is reduced in magnitude, potentially signalling a reduction in environmental concerns in moments of crisis. For Africa, instead, we do not observe any peak in correspondence with the global financial crisis of 2007, possibly because this continent has been only marginally hit by it thanks to its financial marginality (Arieff, 2010) . South-East Asia, instead, displays a behaviour almost antithetical to the one of Europe and South America. During the global financial crises started in 2007, the total marginal effect of per-capita GDP touches one of its lowest peak, whereas its highest negative peak is reached in 1998 during the financial crises of the so called Asian tigers 4 . A possible explanation is that, during these periods, the price of Urea, one of the most common sources of N-fertilizer, felt considerably, thanks also to a consistent fall in the price of energy sources to which its price is linked (Blanco, 2011) . It might then be that, in such periods, the direct price effect of N-fertilizer has dwarfed, in South-East Asia, the effect of the reduction in per-capita GDP. the marginal impacts in absolute value are greater for dryness rather than for wetness, although in the last macro-region there is an evident lowest peak in 1998. It is interesting to note that the shape of the graphs of marginal effects for weather conditions, particularly for wetness, are quite similar to the one of per-capita GDP in these three macro-regions. The interpretations given before, therefore, may well apply to the present case. In Africa, instead, it seems that the two temporal dynamics tend to compensate each other, i.e. the lower are the values for dryness, the higher are those for wetness, and vice-versa. The temporal mean values are −0.0027 for dryness and −0.0032 for wetness. This fact reflects an almost antithetical, but corresponding, response to these two weather phenomena.
Regarding the time-invariant marginal effects in Table B .5, we note that only in Europe the direct, indirect and total marginal effects are positive both in the short-term and in the long-term, whereas the same effects with respect to wetness are negative in the other macro-areas. Therefore, in Europe, the higher are dryness and wetness, the greater is the N-fertilization in both the cell itself and in the neighbour cells, while in the other macro-areas wetness reveals an opposite situation: the higher is its value, the lower is the N-fertilization in both the cell itself and in the other cells. Looking at the estimates of convergence from the ECM, we can observe that both the strength of convergence of the cell itself and the strength of convergence of the other cells are negative in all the macro-areas, with a higher value in absolute value in Europe. Therefore, the higher is the use of N-fertilization the year before, the lower is the amount of N-fertilizer used a year later, corroborating the results of the coefficient of the SDPD model. Finally, in Figures C.6 , C.7, C.8, and C.9, we
show the spatial heterogeneity in terms of the time-invariant short-term marginal effects in equation (3) with respect to the variables Dryness and Wetness at time t. First of all, the range and the sign of the values do not necessarily correspond to the mean values in Table B .5, since in this case we only consider the indirect impacts as row-sums of the matrix in Appendix A. The spatial patterns seems to show a higher indirect impacts for both dryness and wetness in the majority of the grid cells, especially inside the core of all the macro-areas.
This could mean that weather conditions, both in normal and in extreme cases, have a greater impact in those areas.
Conclusions
The present paper analyse the relation between abnormal weather conditions and fertilizer applications at world level, by considering four macro-regions -Europe (CAP), South America, South-East Asia and Africaand using a recent dataset of gridded data which covers more than 20 years . The methodological strategy is based on the use of a spatial dynamic panel data (SDPD) model that deals with both space and time dependence effects, i.e. spatial (cross-sectional) and serial correlations, as well as both space ( The exception is Africa, that displays a non statistically significant relation. Both the dynamic and the spatial dependence parameters are statistically very strong with the latter being positive and the former negative for all the macro-regions with the exception of Europe, where it is not statistically significant. This testifies both certain behavioural similarities in agronomic practices among neighboring areas, probably also due to similar agro-climatic conditions, and the presence of knowledge deriving from the past. The spatio-temporal coefficient is also strongly significant, and positive, in all the macro-regions, except for Europe. This validates the choice of our spatial dynamic model, revealing that not only pure spatial and temporal dependence parameters play an important role, but also the spatio-temporal coefficient could hide spillover effects, which will be shown one
year later.
The contemporaneous effect of the two chosen departures from normal climatic conditions are only significant in Europe and in South America. In the former, wetness causes an increase in N-fertilizer application, whereas in the latter the coefficient of the same variable has opposite sign, while it is dryness to have a positive effect. Among the lagged meteorological conditions, only dryness is significant in South America and Africa, with a positive coefficient in the former case and a negative one in the latter. When considering their interaction with per-capita GDP, the lagged wetness becomes significant in Europe and in South-East Asia, in both cases being positive. The marked differences among world regions in the response of fertilizer application to climatic conditions suggest the need for tailored policies. In particular, in South America there might be a problem of over-fertilization following drought periods that could lead to serious environmental consequences such as water pollution. The opposite sign of the coefficient of the lagged effect of dryness in Africa may lead to think that optimal fertilization practices are followed in this region. However, the socio-economic conditions of the area may also suggest that the reduction of fertilization after a drought is due not to an optimal strategy, but rather to the consequences of an income shock produced by the same drought (poverty traps). If this last hypothesis is the case, fostering agricultural insurance schemes or other forms of weather hedging would then be required. This aspect surely deserves more attention.
Given the recent highering relevance of forecasting with spatio-temporal models and the raising availability of spatio-temporal data, it is finally worth mentioning that this paper could lay the foundations for correctly specifying the model specification used as basis for time predictions of fertilization worldwide. This project should deserve the right attention for future research.
Appendix A. Local Marginal Effects
Here we briefly show how to consider local marginal effects, i.e. unit-specific marginal effects. In this paper we consider the spatial heterogeneity in terms of the time-invariant short-term marginal effects in eq. (3), with repsect to the variables DRY t (x 2,t ) and W ET t (x 3,t ). Alternatively, if they are time-varying, one can consider to show specific marginal effects in one point in time, say t. Let x k,t be a covariate of interest at time t and y t the dependent variable at time t. We are then interested in defining the marginal effect of x k,t on y t for each spatial unit i = 1, . . . , n. Therefore we have 
the elements of which are direct effects (diagonal elements) and the indirect effects (cross-diagonal elements).
However, we should note that the information coming from the indirect effects, i.e. the average of the offdiagonal elements, is different according to considering the lower or the upper triangular matrix. Indeed, for instance, in the first row we recognize the indirect effects of all the variables x 1k,t , . . . , x nk,t on the dependent variable y 1,t , while in the first column we observe the indirect effects of the variable x 1k,t on all the dependent variables y 1,t , . . . , y n,t , excluding the first element (the direct effect) in both cases. In our paper we consider the first case of heterogeneity for each y i,t , i.e. looking at each row, and then summarise the infromation by 
